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ABSTRACT 
 
Recent sensor development including high spatial resolution spaceborne systems like IKONOS as 
well as hyperspectral sensors like AVIRIS have the potential for more detailed and accurate mapping 
of urban land cover and land use. However, the new spaceborne sensors are limited in their spectral 
resolution with just four multispectral bands and few studies have focused on the issues of spectral 
properties of urban materials and their representation and mapping from remote sensing data. The 
research in this study analyzes the spectral dimension of urban materials from comprehensive field 
spectra measurements and hyperspectral AVIRIS as well as simulated IKONOS and LANDSAT TM 
data in 4 m spatial resolution. The results indicate highly complex and diverse spectral properties of 
urban land cover types. We explore and identify the most suitable wavelengths in mapping urban land 
cover and show that the spectral separability of urban land cover types is strongly dependent on 
spectral sensor characteristics. Particularly, IKONOS and LANDSAT TM have specific limitations in 
accurate separation of several urban land cover categories compared to mapping with AVIRIS that 
provides an overall accuracy of ~78% for a detailed map of urban land cover. 
 
1 INTRODUCTION 
 
Developments in remote sensor technology during the l ast few years have and will provide an 
innovative set of airborne and spaceborne systems with improved spectral and spatial mapping 
capabilities. Remote sensing data from these systems have a specific potential for more detailed and 
accurate mapping of urban areas. Therefore, high-resolution remote sensing data are of special 
interest for a variety of applications related to urban planning and management. However, given the 
high degree of spatial heterogeneity in terms of various artificial and natural land cover categories, 
the high-spatial, low-spectral resolution satellite data remain largely untested for mapping the urban 
environment. Hyperspectral data, on the other hand, provide extensive spectral information that 
potentially can discriminate urban materials on a very detailed level at larger data volume and cost 
expense. A few studies have explored the capabilities of hyperspectral data to map urban land cover. 
Hepner et al. (1998) compared spectra of different urban land cover types from AVIRIS data and 
analyzed class separability for urban land cover mapping. Ben-Dor et al. (2001) discuss the 
importance of different spectral regions for the mapping of urban areas. They argue that the physical 
and chemical characteristics of different urban surfaces are represented in all parts of the VIS-NIR-
SWIR-TIR spectrum with important spectral fingerprints in the SWIR-TIR region. Their research 
includes the acquisition and analysis of a spectral library of urban surfaces from field measurements 
and CASI hyperspectral data in the VIS-NIR region, showing that urban objects do hold significant 
spectral fingerprints in this spectral region. Roessner et al. (2001) developed an automated approach 
to map different urban land cover categories utilizing hyperspectral data from the DAIS sensor. They 
selected specific spectral bands in the VIS-NIR-SWIR region to analyze and classify 38 spectral 
categories of urban surfaces. Reported problems relate to spectral confusion between specific urban 
land cover classes. In the DAIS dataset, with a spatial resolution of 7 m, 74% of the pixels were 
identified as spectrally mixed indicating limitations in detailed urban mapping with data at this coarse 
of spatial resolution. In general, the spectral response from a land surface is strongly related to the 
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sensor spatial resolution (Price 1997). The spatial resolution determines if the spectral information 
for a pixel results from a homogenous ground object of interest, resulting in a spectrally pure pixel, 
or, if the land surface objects are smaller than the pixel size, resulting in a spectrally mixed pixel. 
Accordingly, several studies have reported problems in urban area remote sensing due to limitations 
in spatial resolution in mapping urban land cover objects (e.g. Hepner et al. 1998, Roessner et al. 
2001). The few studies presented to date suggest a spatial resolution of finer than 5 m for an accurate 
spatial representation of urban land cover objects such as building structures or urban vegetation 
patches (Welch 1982). 
 
There are only a few systematic investigations that specifically focus on the spectral properties of 
urban surfaces in general and their representation in high spatial resolution spaceborne remote 
sensing data. Given this, there are several important questions yet to be answered. They relate to the 
spectral properties of urban materials: how do those materials differ in their spectral response; what 
are important spectral regions or most suitable spectral bands for mapping urban land cover; and what 
are spectral limitations of current and planned high spatial resolution remote sensor systems in terms 
of mapping urban land cover? By addressing these questions, this study aims to contribute to a better 
understanding of spectral urban surface properties and the potential for accurate mapping from recent 
remote sensing systems. We will present some preliminary results of detailed investigations of these 
important issues as part of the research program ”National Consortium on Remote Sensing in 
Transportation” at the University o f California Santa Barbara. The investigations are based on 
comprehensive spectral field measurements and mapping and multiple remote sensing datasets (e.g. 
from IKONOS and AVIRIS sensors). This effort includes a detailed analysis of urban surface spectra, 
measurements of spectral separability, spectral reconstruction, and image classification techniques to 
evaluate the performance of the specific spectral sensor configurations in detailed mapping of urban 
materials in a test area in the Santa Barbara, CA area.  
 
2 DATA AND PREPROCESSING 
 
This study is focused on a specific urban region of Santa Barbara and Goleta, located 170 kilometers 
northwest of Los Angeles in the foothills of the Californian Coast Range. Ground reference data were 
acquired to characterize the spectral properties of known and pure urban surfaces (field spectra) and 
to develop a basis for the training and validation of the image classification. Field spectra were 
recorded using an Analytical Spectral Devices (ASD) field spectrometer measuring in the 350-2500 
nm range. Various urban surface categories and radiometric calibration targets for the AVIRIS data 
were collected. Ground mapping and the selection of classification training and test sites were done 
by additional low altitude photographic ground truth flights and field mapping using a digital parcel 
and building dataset of the study area as a base (see Table 1). 
 
The study used remote sensing data from the Airborne Visible/Infrared Imaging Spectrometer 
(AVIRIS) acquired 9
th of June 2000 and IKONOS data recorded 18
th of August 2000. Both datasets 
were acquired in similar spatial resolution of approximately 4 meters (original low altitude AVIRIS 
resolution ~ 3.6 m, IKONOS multispectral resolution ~ 4 m). A minor limitation of the study results 
from the difference of 2.5 months between the data acquisitions. However, both data sets were 
acquired in summer, characterized by stable dry climatological conditions with minor changes in the 
vegetation reflectance in this area. Urban surfaces are also considered to be stable during this time. 
However, to avoid uncertainties in the results, the spectral scaling analysis was applied to simulated 
IKONOS data from the AVIRIS acquired in June. The remote sensing datasets were available in 
some degree of geometric correction. The low altitude AVIRIS data had been intensively processed 
by JPL in Pasadena for motion compensation and the reduction of geometric distortions due to 
topography.  IKONOS data were less distorted due to consistent satellite platform orbit.  However, 
both datasets required a further geo-rectification to fit them to current digital databases of the study 
region. For AVIRIS, the correction for atmospheric effects and calibration of the radiance signal to 
reflectance was based on a standard procedure using the MODTRAN atmospheric model and the 
field spectra as ground reference (see Roberts et al. 1997). An image inter-calibration approach was 
applied to derive the reflectance values for the IKONOS data from AVIRIS reflectance spectra. To The spectral dimension in urban land cover mapping 
 
avoid uncertainties in the analysis due to image georectification differences and acquisition date 
between the remote sensing systems, the IKONOS and LANDSAT TM data were simulated from 
AVIRIS using the spectral response functions available from the satellite data provider in 10 nm 
intervals.  
 
Table 1: Land cover classification scheme and training/test areas collected within the study site. 
 
3 IMAGE PROCESSING 
 
Due to the high dimensionality, inter-band correlation, and resulting data redundancy in the AVIRIS 
data (224 channels), special methods have to be used for spectral image analysis and classification. 
The data dimensionality has to be reduced to focus the investigation on a prioritized set of spectral 
bands that are sufficient for the application (Jiminez and Landgrebe 1999). Initially, the number of 
AVIRIS bands was reduced to 180 due to atmospheric distortion and absorption regions (bands 1-7, 
105-119, 152-169, and 221-224 were excluded from the analysis). Different methods have been 
proposed for decreasing the dimensionality and selection of optimal spectral bands for land cover 
classification including Principal Component Analysis (PCA), class separability measures, and band 
correlation measures (Price 1997, Chang et al. 1999). However, the PCA method considers the data 
distribution as a single hyper-ellipsoid and does not take into account the statistical properties of 
specific land cover types of interest (Jimenez and Landgrebe 1999). Accordingly, band prioritization 
based on class separability measures has been proposed in the recent literature (Jimenez and 
Landgrebe 1999). A common measure of spectral separability is the Bhattacharyya distance: 
 
 
 
TRAINING AREAS  TEST AREAS  LEVEL 1  LEVEL 2  LEVEL 3  ID 
# OF AREAS  # OF PIXEL  # OF AREAS  # OF PIXEL 
Light-gray asphalt roof  1  3  346  4  155 
Red tile roof  2  8  121  10  135 
Wood shingle roof  3  13  120  23  203 
Red-gray tar roof  4  15  137  18  166 
Light-gray tar roof (new)  5  9  199  7  103 
Dark gray tar roof (old)  6  9  83  16  158 
Light-gray metal roof  7  4  265  4  162 
Buildings/roofs 
Green-gray metal roof  -  2  87  2  14 
Concrete roads (bridges)  8  3  118  3  95 
Light asphalt roads (old)  9  9  248  5  85 
Dark asphalt roads (new)  10  5  80  5  94 
Parking lots  11  6  153  6  101 
Transportation areas 
Railroad tracks  12  4  80  4  90 
Tennis court  13  3  20  6  64 
Built up 
 
Other built up covers 
Sports field tartan  14  2  22  4  39 
Shrubland/chaparal  15  2  182  2  58 
Grasslands  15  2  188  2  197 
Green natural/quasi- 
natural vegetation 
Riparian forest  15  3  261  3  78 
Green agricultural 
vegetation 
 
  15  3  659  3  139 
Trees and shrubs  15  4  65  2  18 
Residential grasslands  15  4  508  3  87 
Green urban 
vegetation 
Golf course grasslands  16  4  433  6  295 
Vegetation 
 
Non-photosynthetic 
vegetation (NPV) 
 
  17  7  701  9  630 
Non-urban or non-
vegetated bare 
land surface 
 
Bare soil 
 
 
 
 
18  4  259  5  129 
Natural/quasi-natural 
water bodies 
 
  19  2  1094  3  349   
Water bodies 
  Swimming pools    20  3  33  6  52 The spectral dimension in urban land cover mapping 
 
where  µi and  ? i are the mean vector and the covariance matrix of class I respectively.   The 
Bhattacharyya distance is a sum where the first part represents the mean difference component and 
the second part the covariance difference component. In this study, the Bhattacharyya distances were 
calculated based on training areas for the 20 different classes. They were used to assess the spectral 
separability of different land cover types and to select and evaluate important spectral bands for 
urban land cover mapping.  The image processing and analysis was performed using a freeware 
program “MultiSpec”, designed for the processing and analysis of hyperspectral remote sensing 
datasets (Landgrebe and Biehl 2001). It contains procedures for the analysis of class separability and 
selection of optimal spectral bands based on the Bhattacharyya distance between training areas. A 
standard Maximum Likelihood image classification was performed using the optimal bands identified 
and test areas were used for accuracy assessment (Table 1). 
 
 
 
Figure 1: Mean spectral signatures derived from AVIRIS of five major land cover classes in the 
Goleta study area shown with spectral coverage of the IKONOS and LANDSAT TM sensors. 
 
4 THE SPECTRAL PROPERTIES OF URBAN MATERIALS AND LAND COVER TYPES 
 
The urban environment is known as a spatially and spectrally complex assemblage of various land 
cover types including diverse impervious surfaces, vegetation, water, and bare soil, among others. 
However, as complex the urban environment and as problematic their accurate mapping from remote 
sensing, there is an equally poor and insufficient current state of knowledge about urban materials 
and their spectral properties and separation. This research considers a hierarchical categorization 
system for urban areas with level I representing main land cover types like vegetation, built up or 
artificial surfaces, water bodies, and others. Level II subdivides the level I classes based on their use, 
function or other genetic characteristics. For built up materials it discriminates between 
buildings/roofs, transportation areas and others. Level III represents a further stage of class detail 
based on material properties for built up classes. It shows different roof and road materials and colors 
as well as different aging stages. Table 1 summarizes the hierarchical urban land cover categorization 
developed and used in this study. 
 
The variety of level III classes is a result of different factors. For example, different roofing materials 
are used as a function of building type, availability, cost and when the structure was built. Besides the 
general issue of usefulness, roof materials are particularly diverse in material and color based on 
preference influenced by the surrounding land use and neighborhood socioeconomic characteristics. 
Other important considerations contributing to urban complexity a re material aging processes, 
atmospheric influences, vegetation fouling and others. Other features that strongly influence the 
spectral signal from urban surfaces is object structure and geometry. These properties are not 
represented in the classification  scheme and are considered as part of within class variability. 
Although structure and geometry usually do not change the general spectral properties of the surface The spectral dimension in urban land cover mapping 
 
material, they can have a significant impact on the signal due to illumination effects. Object geometry 
relates to shape and orientation, for example roof structure, slope angle, and orientation. With regard 
to the position of the sun, part of the roofs might be illuminated while other parts are in shadows. 
Small-scale surface structures like roof tile pattern or road roughness also affect the spectral signal. 
The stronger the roughness, the more a surface tends to reflect differently in the forward or backward 
direction relative to the incoming radiation. Figure 1 shows the mean spectral signatures of five major 
classes at a general classification level used in several studies. The signatures plotted are mean 
spectra derived from all training areas within the more specific level II and III classes. The graph 
shows the typical spectrum for water with low reflectance values across all wavelengths and for 
vegetation with a reflectance peak in green, the red edge and the near-infrared and short-wave 
infrared region with its typical water vibrational absorption features. The spectra of bare soil and 
built up show similar shapes. Though similar in most parts of the spectrum, the non-photosynthetic 
vegetation (NPV) spectra has significant Ligno-Cellulose vibrational absorption bands in the short-
wave infrared, a feature that clearly separates it from bare soil and built up targets.  
 
 
 
Figure 2: Spectral signatures of different urban land cover types acquired with field spectrometer 
(Note: The major water vapor absorption bands are interpolated). 
 
Spectral signatures for more specific Level III urban land cover types are shown in Figure 2. Most 
spectra follow the general trend indicated by the broader class spectra shown in Figure 1. The overall 
reflectance brightness varies for the different targets and shows the largest dynamic range in the 
SWIR region. The reflectance is comparatively low for parking lots, dark gray roads, slightly higher 
for dark gray tar roofs, red gray tar roofs and light asphalt roads and highest for wood shingle roofs 
and red tile roofs. Some important reflectance features can be found near 2200 nm where the more 
strongly reflectant urban cover types show significant absorption features that represent their physical 
and chemical properties. Examples for those targets are wood shingle roofs and red tile roofs. Figure 
2 also shows the spectral similarity between bare soil and urban spectra. Given the spectra shown in 
Figures 1 and 2, the separation of major land cover types such us vegetation, built up and water seems 
to be unproblematic whereas bare soil and built up areas show spectral similarities consistent with 
previous studies (e.g. Sadler et al. 1991). The VIS and the SWIR II regions show a fair amount of 
spectral variation and small-scale reflectance features for some urban targets that also might 
contribute to the separation of specific land cover types. It is also important to consider that Figure 1 
represents mean spectra among subclasses and Figure 2 spectra from within-class field 
measurements. Most urban targets have a fair amount of intra-class spectral variation or fuzzy class 
boundaries, e.g. the classes “light asphalt road” and “dark asphalt road” represent new and old asphalt 
conditions that can cover all age stages in between with the resulting spectral signature. Intermediate 
road conditions might be confused with other classes, e.g. dark gray tar roof and light gray tar roof 
that have the same general spectral signature shape. The spectral dimension in urban land cover mapping 
 
 
Figure 3: Minimum class separability of urban land cover classes for three sensors (Note: some 
minimum distance values are annotated with the class that has the lowest separability.) 
 
5 EVALUATION OF IMPORTANT SPECTRAL BANDS  
 
The evaluation of important spectral bands is based on the Bhattacharyya distance measure derived 
from the training areas. The minimum separability value determined for each urban land cover class 
are shown in Figure 3. The IKONOS data have the lowest Bhattacharyya distance for all urban 
targets with some significant low peaks for dark gray tar roofs that mix with wood shingle roofs and 
railway that mix with light asphalt roads. The low separability peaks found for IKONOS wavelengths 
disappear for LANDSAT TM and the highest Bhattacharyya distance, or greatest separability, values 
are found for AVIRIS data. This is a clear indication of the limitations of the IKONOS sensor in 
separating urban land cover categories due to the limited spectral information.  
 
 
 
Figure 4: Mean reflectance signatures of urban land cover types from AVIRIS shown with multi-
spectral coverage of the IKONOS and LANDSAT TM sensors. Optimal spectral bands for urban land 
cover class separation are shown in gray and for all 20 land cover types are shown in blue. 
 
AVIRIS data were used to further investigate important spectral bands most suitable for accurate 
separability.  Figure 4 indicates optimal bands identified with a cluster of bands in the VIS and NIR 
region from 475 to 760 nm. Other important NIR-bands show up at 920, 1070 and 1140 nm. The 
SWIR I is represented by two prominent bands at 1710 and 1740 nm. The SWIR II wavelengths at 
1960, 2000, 2040, 2340 and 2460 nm also appear to be important for class separation. Figure 4 The spectral dimension in urban land cover mapping 
 
indicates that a few of the most suitable bands are located near CO2 absorption features that are 
artifacts and do not represent land surface properties. However, the general spectral regions can be 
considered as important in urban land cover separation. Figure 4 also allows a comparison between 
the location of these bands with spectral bands of IKONOS and LANDSAT. It is obvious that most of 
the bands are located outside or on the edge of the spectral coverage of the IKONOS and LANDSAT 
sensors.  This suggests that the recent satellite systems don’t represent the optimal spectral coverage 
for detailed mapping of urban land cover, e.g. there are small-scale spectral variations, especially in 
the VIS and SWIR region that are not represented due to the location and bandwidth of the IKONOS 
and LANDSAT bands.  
 
 
 
Figure 5: Spectrally reconstructed spectrum for a gray composite shingle roof using just the IKONOS 
bands (blue) and the IKONOS bands and four additional bands (~920 nm, ~1740 nm, ~2060 nm and 
~2350 nm) compared to the AVIRIS measured spectrum. 
 
Based on the results shown in Figure 4, we applied a full spectrum reconstruction technique 
described by Wernand et al. (1997) to assess the improvement of spectral information given the 
IKONOS band and four additional “suitable bands” derived from this study at ~920 nm, ~1740 nm, 
~2060 nm and ~2350 nm. The multiple regression coefficients were derived for specific wavelengths 
to express the full ASD field spectrum for different urban targets. The results in Figure 5 indicate the 
improvement in spectral representation given the additional most suitable spectral bands in addition 
to IKONOS. This result verifies the spectral limitations of recent sensor systems and the importance 
of specific spectral bands for mapping the complex urban environment. 
 
    
 
Figure 6: Classification result for AVIRIS level III classification. The spectral dimension in urban land cover mapping 
 
6 LAND COVER CLASSIFICATION 
 
Image classification of the AVIRIS data was performed using Maximum Likelihood classification on 
the ten optimal channels for best average separability (AVIRIS channels: 12, 23, 30, 64, 82, 97, 146, 
173, 184, and 209). Figure 6 shows the classification result, indicating the complexity of the urban 
area in terms of urban land cover types. Most of the categories are represented as land cover objects 
comprised of several homogenously classified pixels. This assumption supports the use of 4 m spatial 
resolution for the analysis and suggests the use of object-oriented classification methods in further 
investigations. Vegetation patches, roads and different urban land cover and land use types are clearly 
identifiable. The overall classification accuracy was determined to be 78.4 % based on the test areas 
listed in Table 1.  
 
In summary, preliminary results presented here clearly indicate the importance of further 
investigation of spectral issues in detailed mapping of urban land cover. This research provides a set 
of systematic investigations that show the spectral complexity of urban materials and an indication of 
most suitable wavelengths for mapping urban land cover. The results particularly show specific 
limitations of current satellite sensor systems. The analysis will be further refined in future research 
efforts at the University of California Santa Barbara and the University of South Carolina Columbia.   
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